ABSTRACT This paper aims to explore the automatic detection method of epileptic seizures to improve the treatment and diagnosis of medically refractory epilepsy patients. A new algorithm based on directed transfer function (DTF) method was proposed for epileptic seizure detection. First, the sliding window technique was used to segment electroencephalogram (EEG) recordings, and the cerebral functional connectivity was calculated by the DTF algorithm. Then, the total information outflow based on the DTF-derived connectivity was calculated by adding up the information flow from a single EEG channel to other channels. Finally, the information outflow was assigned as the features of support vector machine (SVM) classifier to discriminate interictal and ictal EEG segments. For 10 epilepsy patients, the proposed algorithm provided the mean correct rate of 98.45%, the mean selectivity of 64.43%, the mean sensitivity of 93.36%, the mean specificity of 98.42%, and the average detection rate of 95.89%. By applying the statistical analysis, the superiority of DTF-based method was statistically significant when compared with other algorithms in terms of five assessment criteria. Our results indicated that the DTF-derived connectivity could characterize the dynamic causal interaction patterns between brain areas during seizure states, and the proposed method was suitable for the detection of epileptic seizures.
I. INTRODUCTION
Epilepsy has a strong impact on spirit, consciousness, perception, movement, plant nerve of more than 50 million patients world-wide. It is considered to be neurological disorders second only to cerebrovascular disease [1] . The electroencephalogram (EEG) signals can noninvasively measure the brain electrical activities propagated through the skull to the scalp and have been widely adopted to explore automatic sleep staging [2] - [4] , characterizing the signatures of driving fatigue [5] , brain-computer interfaces [6] , migraine attacks [7] , [8] , and the complexity evaluation in eyesopen and eyes-close conditions [9] . Because EEG-recorded activities are the electrophysiological signatures of seizure, the EEG can be also applied to detecting the epileptic seizure. In most cases, it is very difficult to detect epileptic seizures by EEG signals in a short time period. However, during longterm video EEG epilepsy monitoring, ictal activity is usually observed in patients with medically refractory epilepsy [10] . The long-term EEG signals could include the amplitude and frequency information of epileptic seizures. Therefore, these signals are favorable for treatment and diagnosis of medically refractory epilepsy patients.
The seizure intervals are usually recognized by visually inspecting the long-term video EEG recordings. The experienced experts need to spend a lot of time and energy to examine the epilepsy seizures, and the examination results depend much on the judgment and experience of individual experts. The epilepsy doctors are desired to develop some automatic seizure detection methods which can confirm the seizure intervals of EEG signals acquired from epilepsy patients. As for clinical application, the seizure detection algorithm should achieve high accuracy and sensitivity of discriminating the interictal periods and ictal periods of EEG signal. Therefore, for epileptic seizure detection, it is very essential for improving the extraction of effective features of EEG signals from epilepsy patients. Many algorithms have been developed for detecting the seizure intervals. Altunay et al. [11] employed the linear prediction error energy method as an efficient way to detect epileptic seizures on EEG records. Chua et al. [12] reported the high-order spectra to be a promising approach to differentiate between normal, background, and epileptic EEG signals. Tiwari et al. [13] presented a new methodology based on Local binary patterns (LBPs) computed at key points for classification of seizure and seizure-free EEG signals. Murro et al. [14] quantified EEG features by relative amplitude, dominant frequency and rhythmicity to reduce the false alarm rate of automatically detecting seizure EEG. Faust et al. [15] extracted local maxima and minima of the power density spectrum from representative samples to identify epileptic and normal EEG signals automatically. Grewal and Gotman [16] developed an epilepsy detection method based on multiband EEG filtering, spectral feature extraction, Bayes' theorem and spatio-temporal analysis. In time-frequency domain, Conradsen et al. [17] developed a non-invasive automatic method for detection of epileptic seizures by extracting the energy measures of reconstructed sub-bands from the discrete wavelet transformation and the wavelet packet transformation (WPT). Ayoubian et al. [18] demonstrated that high frequency activities have the potential to contribute significantly to the detection of epileptic seizures in wavelet domain. Additionally, Martis et al. [19] applied nonlinear adaptive models such as Hilbert-Huang transform for automated detection of epilepsy using EEG signals. Recently, the nonlinear analysis methods are widely applied to the epileptic seizure detection. Sharma et al. [20] employed a novel approach based on analytic time-frequency flexible wavelet transform and fractal dimension to detect epileptic seizures. Ghosh-Dastidar et al. [21] calculated standard deviation, correlation dimension, and Lyapunov exponent for epileptic seizure detection after the EEG signals were decomposed into delta, theta, alpha, beta, and gamma sub-bands by wavelet analysis. Zhang et al. [22] combined fractal dimension and gradient boosting for the epileptic seizures detection. Kannathal et al. [23] employed different nonlinear entropy algorithms to discriminate normal and epileptic subjects. Xiang et al. [24] proposed a method of state inspection of epileptic seizures based on fuzzy entropy to detect whether there is an epileptic attack. Furthermore, the enhanced detection accuracy would be favorable for the seizure diagnosis and treatment.
As far as seizure detection methods are concerned, the EEG features used in previous investigations mainly include EEG amplitude, power density spectrum, energy of coefficients of WPT, approximate entropy, and so on. Since epileptogenic foci are not entirely consistent with epileptiform propagation areas, there is the information flow generated between epileptogenic foci and epileptiform propagation regions. Moreover, considering the fact that epilepsy is triggered by abnormal brain discharging activity, the information flow interaction between cerebral regions during ictal states will be different from those during interictal states. By using these distinctions, the EEG signals between interictal periods and ictal periods can be distinguished in order to achieve seizure detection. The partial directed coherence (PDC) analysis can extract the information flow interaction between cerebral regions. The seizure detection algorithm based on PDC had been proposed and achieved satisfying results [25] . However, the directed transfer function (DTF) is a functional connectivity measure based on the concept of Granger causality [26] . Comparing with the PDC analysis, the DTF can explore more information of causal interaction between EEG channels and more accurately estimate cerebral connectivity pattern [27] - [29] . In this study, the seizure detection method based on DTF was proposed to recognize the seizure intervals of EEG signals from epilepsy patients.
II. MATERIALS AND METHODS

A. SUBJECTS AND DATA COLLECTION
Ten patients with refractory epilepsy participated in this experiment whose protocol was approved by the Institutional Review Boards of Xi'an Jiaotong University. Each patient signed the informed consent forms. All patients were asked to perform the presurgical evaluation at the First Affiliated Hospital of Xi'an Jiaotong University. All reported patients suffered the partial seizures. The EEG signals of patients were collected by the EEG-1100 digital video-EEG system (NIHON KOHDEN Company). The electrode positions of 19-channel EEG were distributed on the basis of the standard international 10-20 system. The sampling rate was 200 Hz. The 19 channels of EEG signals were firstly transformed to a common average reference (CAR) montage. The epileptic seizures and some abnormal waves of patients could be inspected clearly by the long-term video EEG recordings. According to the clinical manifestation and EEG recordings of epilepsy patients, the onset and offset of epileptic seizures were examined by two experienced epileptologists. There were 2-9 seizures identified for each patient and 44 seizures in total. The entire time length of ictal periods was 3967 seconds for 10 patients and the entire length of interictal periods was 86.40 hours. The detailed clinical information of ten epileptic patients is summarized in Table 1 .
B. FEATURE EXTRACTION
In this study, the seizure detection algorithm based on DTF was presented as Fig.1 . Firstly, the sliding window technique was used to segment EEG signals. In present experiment, the length of sliding window was selected as 2 seconds without overlap. Secondly, the cerebral functional connectivity was calculated by the DTF algorithm and the total information outflow based on the DTF-derived connectivity was calculated by adding up the information flow from a single EEG channel to other channels. Finally, the information outflow was assigned as the features of EEG signals and classified by the support vector machine (SVM) classifier with 5-fold cross validation to detect epileptic seizures.
The DTF is a measure of dynamic causal relationship in the frequency domain, which can be estimated by the coefficients of MVAR model. The functional brain connectivity based on DTF can characterize the intensity and direction of linkage between different EEG channels. Given that data vector [30] , E(t) refers to a error vector of multivariate independent white noise with zero mean, and p is the model order. In this study, the optimum order for a MVAR model was chosen according to the Akaike Information Criterion (AIC) [31] :
where σ 2 wp is the error variance which can be determined by quadratic sum of forward prediction error and N total is the number of EEG segment timepoints. The optimum order referred to the p relative to minimum AIC value. For different EEG segment, the different order was chosen for the corresponding MVAR model. The AIC results for selecting optimal order of MVAR model from certain EEG segment are shown in Fig. 2 . As observed from this figure, the AIC values tended towards stability when the model order was greater than 3. This indicated that the third order of MVAR model was enough for describing the characteristics of this EEG segment. Hence, the model order can be assigned as 3.
While the MVAR model of EEG segment is determined and Eq. (1) is transformed into the spectral domain, the DTF can be obtained by:
where A(f ) is the Fourier transform of MVAR model coefficients which can be calculated by
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where H ij (f ) denotes the coupling between the jth and the ith EEG channels at frequency f and γ 2 ij (f ) describes the information flow from the jth channel to the ith channel for each frequency f .
C. INFORMATION OUTFLOW
In order to evaluate the total information flow from a single EEG channel, the integrated DTF is defined by summing the DTF values over the frequency bands of interests. In the present study, the DTF values were covered by the frequency band between 0 and 100 Hz because the EEG signals were sampled by 200 Hz. The integrated DTF over the frequency band can be calculated by:
By obtaining the integrated DTF values for every possible combination of two different EEG recording electrodes, the feature matrixes with size 19 × 19 can be extracted from the original EEG segments. In order to improve the performance of seizure detection, the number of features should be as small as possible. If the number of features is too large, the computation complexity and the probability of raising the false detection would be increased remarkably. Therefore, it is very essential to reduce feature dimensionality for performing the seizure detection. The total information outflow of EEG channel j can be given by summing the information flow propagated from this channel to rest channels:
The DTF-derived information outflow can characterize the dynamic causality difference between interictal and ictal EEG signals. By extracting the information outflow from all EEG channels, the 19 × 19 matrixes could be transformed to the 19 × 1 feature vectors.
D. SVM CLASSFICATION
For classification of EEG signals, there are usually the SVM classifier and the artificial neural network (ANN) classifier based on error back-propagation (BP) rule. The SVM is a new kind of machine learning method which is based on statistical learning theory and possesses strong generalization ability. The basic idea of SVM is that the linear inseparable samples can be mapped to the high-dimensional space by the nonlinear transformation and an optimal hyper plane can be found to separate the two kinds of samples correctly [32] . In general, the ANN classifier achieves the decision boundary by optimizing the recognition rate of training dataset, while the SVM classifier calculates the decision boundary by optimizing the border between the most approximate samples of different classes. The SVM classifier can distinguish the unseen samples of EEG segments successfully. Besides, the SVM classifier can deal with the classification of unbalanced samples effectively, as is the case in this study. Thus, the SVM classifier usually can provide better classification results than the ANN classifier. In this study, the SVM based on the radial basis function (RBF) kernel was used to perform the recognition of interictal and ictal EEG signals.
The features of information outflow were combined together to detect the occurrence of epileptic seizures. In order to accurately estimate the performance of proposed method, 5-fold cross-validation method was used to evaluate the performance of the proposed seizure detection method. For each patient, all EEG segments were split into five subsets with equal samples. There was the equivalent proportion of interictal and ictal segments for each subset. Four subsets were randomly picked out to train the SVM classifier. Then, the remaining one was tested using the trained SVM classifier. These steps were taken repeatedly until all subsets were estimated. In the end, the proposed method based on DTF was accessed by averaging the seizure detection results across the fivefold cross-validation. For instance, there were totally 170 segments of ictal EEG signals and 26820 segments of interictal EEG signals in patient 3. The EEG signals were then split into five mutually exclusive subsets. Each subset included 34 ictal segments and 5364 interictal segments. When performing each classification, there were 136 ictal segments and 21456 interictal segments used in the training dataset and there were 34 ictal segments and 5364 interictal segments included in the testing dataset. Until all subsets were tested, the average rate over the fivefold cross-validation could be calculated.
E. EVALUATION OF EPILEPTIEC SEIZURE DETECTION
In the present study, we use the ictal EEG segments selected by experienced epileptologists as the putative seizure intervals. These intervals were determined by evidence of scalp EEG recording and clinical situation of epileptic seizure. In order to further compare the interictal and ictal periods determined by the DTF-based method with those recognized by the epileptologists, the relevant performance parameters are defined by the following indices. True positive (TP) denotes the number of ictal EEG segments classified correctly, false positive (FP) is the number of ictal EEG segments classified as interictal segments, true negative (TN) represents the quantity of interictal EEG segments classified correctly and false negative (FN) is the number of interictal EEG segments classified as ictal segments. Then, we took into account five assessment criteria to quantitatively evaluate the effectiveness of the proposed approach [25] , [33] , [34] .
The correct rate (CR) can represent the ability of correctly identifying the interictal and ictal segments from all EEG samples by CR = (TP + TN )/(TN + FP + TP + FN ). The selectivity (SEL) can estimate the accuracy of recognizing ictal EEG segments by SEL = TP/(TP + FP). The sensitivity (SEN) can denote the performance of identifying ictal EEG segments correctly by SEN = TP/(TP + FN ). The specificity (SPE) can measure the ability of identifying the interictal EEG segments correctly by SPE = TN /(TN + FP).
The average detection rate (ADR) can be represented by ADR = (SEN + SPE)/2.
In the end, the one-way analysis of variance (ANOVA) was applied to investigating the performance differences between the DTF-based seizure detection and other popular approaches. This statistical method is mainly based on the analysis of the mean variance and can perceive that the performance distinctions corresponding to different approaches are ascribed to the advantages or disadvantages of used methods. Because the epileptic EEG signals are patient-specific, the statistical analysis is implemented on the basis of the seizure detection results of each patient.
III. RESULTS
It is well known that data acquisition, feature extraction, and classification of EEG signals are very important for the recognition of epileptic seizure intervals. The emphasis of this study is to investigate the choice and computation of the effective features from EEG signals to improve the results of seizure detection. The information flow of interictal EEG signals are different from that of ictal EEG signals. Therefore, the direction and intensity of information flow can be used to discriminate interictal and ictal EEG segments. The distributions of the information flow among 19 channels for 30 seconds EEG segments around a seizure onset in patient 7 are illustrated in Fig. 3 . By comparing the information flow of 30s EEG signals before (Fig. 3(A) ) and after ( Fig. 3(B) ) the seizure onset, there were distinct changes of information flow patterns between interictal and ictal EEG signals. This could serve as the basis for the proposed method to detect the seizure intervals. Because only the functional connectivity between different channels were concerned, the intensity values from channel i to i were assigned as zero in order to eliminate the influence of information flow from same brain regions. Then, the new distributions of information flow are shown as Fig. 3(C) and Fig. 3(D) . From these two figures, it could be easily seen that the intensity and direction of information flow between brain regions had been evidently changed before and after the seizure onset. On the one hand, the brain thought became active and the brain electrical activity became increased after the seizure onsets. Hence, both the intensity of information flow and the energy of EEG signals would be increased. On the other hand, the neuron electrical activities resulted from the seizure would be propagated from epileptogenic foci to cerebral surrounding areas. Hence, there was inevitably much information of cerebral functional connectivity flowing from the seizure-onset zones to propagated brain regions. This demonstrated that the proposed method based on DTF function could be used to extract the characteristic indices of EEG signals for epileptic seizure detection.
The seizure detection results of ten epilepsy patients for the DTF-based method are shown in Table 2 . The total time length of used signals was 87.50 hours, including 10 patients with 44 seizures determined by the visual inspection of longterm EEG recording from two epileptologists. The entire length of interictal and ictal periods was 86.40 hours and 66.12 minutes respectively. For all 10 patients, the range of correct rate for the DTF-based method was from 93.60% to 99.73% and the mean CR was 98.45%. This demonstrated that the proposed method based on DTF can achieve the seizure detection accurately. Similar to CR, the range of specificity was from 93.10% to 99.80% and the mean SPE was 98.42%. Although the CR and SPE values of seizure detection were very high, there was still some wrong discrimination of interictal and ictal EEG segments. Because the amplitudes of EEG signals were usually small and the ictal periods were short for some seizures, it was very difficult to recognize all interictal and ictal EEG segments accurately [35] . In comparison to CR and SPE, the range of selectivity was from 31.75% to 96.51% and the sensitivity was between 86.90% and 98.30%. There were low values for SEL and SEN because the number of interictal EEG segments was significantly more than those of ictal EEG segments. Additionally, the range of average detection rate was from 92.77% to 99.05% and the mean ADR was 95.89%.
IV. DISCUSSION AND CONCLUSION
Previous studies have suggested that the source-space connectivity analysis could be used to localize the seizure-onset zones for patients with medically refractory epilepsy [36] , [37] . In order to further analyze the change of scalp-space functional connectivity around a seizure onset, VOLUME 6, 2018 the information outflow of each EEG channel in patient 7 was illustrated in Fig. 3 . The pathology diagnosis for this patient demonstrated that the seizure-onset zones were located in left and middle temporal lobe. During 30 seconds in front of the seizure onset, the brain regions where the intensity of information exchange was large were relatively unapparent and the majority of information exchange was little intensity. For 30 seconds EEG signals behind the seizure onset, the exchange of information flow was apparently enhanced and the cerebral regions with the largest information outflow focused on the left and middle temporal lobe. This indicated that the cerebral areas whose information outflow was largest were accordant with the seizure-onset zones related to the pathology diagnosis of patient 7 during ictal periods. Therefore, the scalp-space connectivity analysis may be utilized for seizure source localization application. Because the scalp EEG connectivity may be impacted by the volume conduction of electrical field, the source-space connectivity analysis should achieve more accurate localization of epileptogenic foci than the scalp-space connectivity analysis.
In order to further investigate the effectiveness of the DTF-based method, this algorithm was compared with other popular approaches in terms of seizure detection. On the one hand, the auto-regression (AR) model and SVM classifier was employed to recognize the interictal and ictal EEG segments [38] - [41] . The AR model was constructed from each channel of EEG signals and the model coefficients were extracted. Subsequently, a feature vector was obtained by combining these model coefficients from all EEG channels. Then, the principle components analysis (PCA) was carried out for reduction of feature dimensionality. The SVM classification based on 5-fold cross-validation and the same EEG datasets were used in this comparison. The differences of all five assessment criteria when using the AR-based algorithm and the DTF-based algorithm are illustrated in Fig. 4 . With regard to the DTF-based algorithm, the mean assessment criteria ranged from 64.43% to 98.45%. As far as the AR-based algorithm was concerned, the mean assessment criteria ranged from 4.95% to 67.26%. The one-way ANalysis Of Variance (ANOVA) was used to compare the performance of two methods. In this study, the significance level was set at p < 0.05. The superiority of the DTF-based algorithm was statistically significant when compared with the AR-based algorithm in all assessment criteria (p = 3.8 * 10 −10 for CR, p = 1.5 * 10 −7 for SEL, p = 6.6 * 10 −10 for SEN, p = 1.0 * 10 −9 for SPE, and p = 2.0 * 10 −11 for ADR). As is well known, the AR model is an approach for investigating the stationary discrete random time series and has been widely used for EEG signal processing. However, the AR method can only characterize single channel of EEG signals. For epilepsy patients, the multichannel EEG recordings may be correlated with each other because brain electrical activity comes from spatially distributed sources. In order to overcome the limitation of AR method, the AR modeling can be extended to the MVAR modeling which simultaneously extracts the features of individual channel EEG and the coupling information between multichannel EEG signals. Therefore, the proposed method based on MVAR model is more effective than the AR-based algorithm when detecting epileptic seizures. On the other hand, the approximate entropy (ApEn) and SVM classifier was used in this comparison task [42] , [43] . To be convenient for the performance comparison, this algorithm was applied to the same training and test EEG datasets. The ApEn values were calculated from each channel of EEG signals and the new feature vectors were constructed by combining these ApEn values from all EEG channels. Subsequently, these features were assigned as the input vectors of a SVM classifier to distinguish interictal and ictal periods of EEG signals. The quantitative comparison of seizure intervals detection when using the ApEn-based algorithm and the DTF-based algorithm are shown in Fig. 5 . As can be observed from this figure, the proposed algorithm achieved higher CR and SEL values than the ApEn-based algorithm by 4.62% and 40.43%, respectively. The ANOVA analysis indicated that the proposed method implemented significant enhancement of the CR, SEL, SEN, SPE, and ADR as compared to the ApEn-based method (p = 5.9 * 10 −4 for CR, p = 8.8 * 10 −4 for SEL, p = 0.041 for SEN, p = 8.4 * 10 −4 for SPE, and p = 0.0064 for ADR). Generally speaking, the epileptiform activity can propagate from epileptogenic foci to relatively remote cortex within several milliseconds [44] . There is the information flow of brain electrical activity generated between seizure-onset zones and propagated brain areas during the ictal phases. As a result, the information exchange patterns between various brain areas during seizure states will be different from those outside seizure states. The DTF-derived connectivity can reflect the abnormal information flow triggered by the epileptic seizure. Thus, the DTF-based method provides more useful information for epileptic seizure detection than the ApEn-based method.
According to the analysis mentioned above, the advantage of the proposed method is able to accurately detect VOLUME 6, 2018 the seizure intervals from epileptic EEG signals because the DTF-derived connectivity characterizes the dynamic causal interaction patterns between brain areas. Furthermore, when compared with other algorithms, the proposed method was found to provide significant improvement in terms of all five assessment criteria for seizure detection.
One limitation of the method presented in this study is in its reliance on multichannel EEG signals because the DTF-derived connectivity must be carried out by multichannel signals. In some practical situations, it is not convenient for the epilepsy patients to collect multichannel EEG signals due to the limit of clinical acquisition equipment and the preparation time of electrode configuration. In this study, only ten subjects took part in the seizure detection analysis. More subjects should be considered to further validate the proposed seizure detection method.
In summary, a new seizure detection approach based on DTF function was proposed from the viewpoint of the functional connectivity between brain regions. This automatic detection of epileptic seizures can reduce the workload of reading EEG signals and help clinicians analyze the status of patients. Firstly, the MVAR model was established for EEG signals. Then, the cerebral functional connectivity between EEG channels was obtained by DTF algorithm. Secondly, the information outflow propagated to other channels was calculated. Finally, by means of 5-fold crossvalidation, the extracted outflow was assigned as the input vectors of a SVM classifier to distinguish interictal and ictal EEG segments. For 10 patients studied, the seizure detection results using DTF-based method were the mean CR of 98.45%, the mean SEL of 64.43%, the mean SEN of 93.36%, the mean SPE of 98.42%, and the mean ADR of 95.89%. Our results suggest that the DTF-based method would promise to further our efforts to recognize epileptic seizure intervals in diagnosis and treatment of refractory epilepsy and has high detection performance.
The future work will develop other schemes, such as combination of the DTF and other feature dimensionality reduction approaches or other classifiers. This may result in better seizure detection results than the current method. Additionally, it will be very essential to investigate the influence of electrode numbers on the proposed seizure detection method. The low density montage of EEG signals can be easily applied to the seizure detection systems. On the basis of the analysis of information outflow for all EEG channels around the seizure onset, the exchange of information flow was evidently enhanced and the cerebral regions with the largest information outflow were consistent with the seizure-onset zones of epilepsy patients during ictal periods. Therefore, the analysis of information outflow included in the proposed algorithm may be utilized for seizure source localization application in the future. He is currently a Professor with the Department of Neurosurgery, First Affiliated Hospital, Xi'an Jiaotong University. His main research interests include the analysis of epilepsy seizure, and the minimally invasive surgical treatment of brain glioma and hypophysoma.
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